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Abstract: Circular RNAs (circRNAs) are generated by back-splicing of immature RNA forming
covalently closed loops of intron/exon RNA molecules. Pervasiveness, evolutionary conservation,
massive and regulated expression, and post-transcriptional regulatory roles of circRNAs in
eukaryotes have been appreciated and described only recently. Moreover, being easily detectable
disease markers, circRNAs undoubtedly represent a molecular class with high bearing on molecular
pathobiology. CircRNAs can be detected from RNA-seq data using appropriate computational
methods to identify the sequence reads spanning back-splice junctions that do not co-linearly map
to the reference genome. To this end, several programs were developed and critical assessment of
various strategies and tools suggested the combination of at least two methods as good practice to
guarantee robust circRNA detection. Here, we present CirComPara
(http://github.com/egaffo/CirComPara), an automated bioinformatics pipeline, to detect, quantify
and annotate circRNAs from RNA-seq data using in parallel four different methods for back-splice
identification. CirComPara also provides quantification of linear RNAs and gene expression,
ultimately comparing and correlating circRNA and gene/transcript expression levels. We applied
our method to RNA-seq data of monocyte and macrophage samples in relation to
haploinsufficiency of the RNA-binding splicing factor Quaking (QKI). The biological relevance of
the results, in terms of number, types and variations of circRNAs expressed, illustrates CirComPara
potential to enlarge the knowledge of the transcriptome, adding details on the circRNAome, and
facilitating further computational and experimental studies.
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1. Introduction

Circular RNAs (circRNAs) are generated from immature RNA by a process called back-splicing
where the 3’ and 5' ends of linear RNA molecules are covalently joined in a non-collinear way forming
RNA-loops. It has been estimated that circRNAs are produced from more than 10% of genes [1].
Circularity confers specific properties to circRNAs: they have longer half-lives compared with linear
RNAs [2], tend to accumulate in cells with a low proliferation rate [3], and are resistant to RNase R.
RNA circularization can engage single exons, two or more exons [4], both exon and intron sequences,
or intronic sequences only [5]. A given gene can generate several circular isoforms and these isoforms
may show distinct expression profiles [6]. Generation of circRNAs happens at the expense of their
corresponding linear RNA isoforms and a correlation between exon skipping and circularization [7]
has been demonstrated. Back-splicing adds complexity to alternative RNA splicing, and circRNA
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biogenesis and splicing are clearly interleaved processes. Thus, mutations or deregulation of splicing
factors and/or alterations of cis-regulatory elements may impact circRNA biogenesis. Several splicing
factors have been linked to circRNA expression: the RNA-editing enzyme ADARI (adenosine
deaminase RNA specific) antagonizes back-splicing, whereas muscleblind like splicing regulator
(MBL) and the RNA-binding protein Quaking (QKI) both seem to promote circRNA levels [8]. As
also suggested by their evolutionary conservation, a critical position of circRNAs in core biological
processes starts to unfold. Like linear isoforms, circRNAs can act as competing endogenous RNAs
that decoy miRNAs and indirectly regulate miRNA target gene and protein expression. Notably,
circRNAs with multiple miRNA-binding sites are efficient miRNA sponges that participate in the
regulation of specific cellular pathways [9-12] and can play key roles in cancer axes [5]. In addition,
circRNAs are supposed to be involved in a variety of molecular mechanisms, such as interactions
with RNA-binding proteins [13].

Library enrichment protocols using ribosome depletion and RNA deep sequencing allowed
discovering of more than 10,000 human circRNAs having differential developmental stage- and
tissue-specific expression. The abundance, pervasiveness, evolutionary conservation and stability of
circRNAs, along with emerging evidence of putative circRNA functions, prompted the interests of
the scientific community, which generated an array of tools for circRNA analysis [5]. CircRNA
detection from RNA-seq data is based on the identification of sequence reads spanning the back-splice
junctions generated in circRNAs biogenesis. Back-splice reads map to the genome in chiastic order,
i.e., two segments of a single read align separately in reverse order. Thus, circRNA detection from
RNA-seq reads needs appropriate methods for non-collinear read alignment and analysis. Recently,
several computational methods for the detection of back-splice events from RNA-seq data have been
developed, such as find_circ [10], CIRCexplorer [14], circRNA_finder [15], testrealign [16], CIRI [17],
KNIFE [18], UROBORUS [19], NCLscan [20], PTESFinder [21], and Acfs [22]. Each type of software
uses different strategies for circRNA identification, employing different read aligners, requires
variable inputs, as genome and gene annotation, and provides software-related output in term of
predicted back-splice junction annotation. Five circRNA prediction tools (circRNA_finder, find_circ,
CIRCexplorer, CIRI, and MapSplice [23]) were evaluated for the levels of bona fide and false-positive
circRNAs comparing RNase R treated vs. untreated data [24]. This study showed that the most
abundant predicted circRNAs are not true positives in all of the cases, that, notably, in general
circRNAs identified by one single method lack reliability, and suggested that the combination of at
least two methods might be a good practice to increase the robustness of circRNA detection.

In this work, we present CirComPara, an automated bioinformatics pipeline to detect and
quantify circRNAs from RNA-seq data using in parallel different methods for back-splice
identification. We applied the software to a published RNA-seq dataset, for which circRNA
investigation was not previously considered, and provide original results on circRNA expression
during monocyte differentiation in relation to the QKI protein function.

2. Results

2.1. CirComPara Provides circRNA Detection, Quantification, Annotation and Correlation with Gene
Expression

We designed and implemented CirComPara (http://github.com/egaffo/CirComPara), a
bioinformatics pipeline that allows detecting, quantifying and studying circRNAs from RNA-seq
data. CirComPara quantifies linear transcript expression and, in the subsequent phase, it uses in
parallel different methods to identify expression of putative circRNAs. The circRNAs are selected
according to a combination of the results of circRNA discovery methods, and quantified with
normalized estimates. Ultimately, CirComPara annotates the circRNAs in terms of overlapping genes
and provides expression correlation measures of circRNA to overlapping genes or linear
counterparts. CirComPara yields results in tabular format to ease custom downstream analysis, as
well as different default analysis results in HTML pages with several informative display items, such
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as statistics on circRNAs types, features and expression, and descriptive analyses of samples in terms
of circRNA and gene expression profiles, and correlations.

In the next paragraphs, we first describe the software characteristics and then, by a
demonstrative application on real data, we show CirComPara’s output.

2.2. CirComPara’s Default Workflow and Usage

A schematic overview of the CirComPara workflow architecture for the analysis of a single
sample is represented in Figure 1A. The required input for the pipeline are RNA-seq reads from
Illumina sequencing (both single- and paired-end reads supported), the reference genome in multi
FASTA format, and the gene/transcript annotation in GTF format (as retrieved from genomic
databases like Ensembl). In a typical analysis, the researcher needs to compile a metadata table
specifying the sample files and their respective raw read file locations. In addition, the file location of
the reference genome and annotation files, which can be stored in a project specification file (vars.py
file), together with other non-default parameters chosen.

For each sample, CirComPara first pre-processes the raw reads to retain only high quality
fragments that will be used in downstream analysis. In parallel, CirComPara builds the files required
by each method, such as genome indexes and specific formats of annotation. Next, a preliminary read
alignment to the (linear) reference genome is performed with strict criteria, especially important for
paired-end reads: unpaired and discordantly aligned reads are considered unmapped and thus
separated from linear aligned reads. The alignments are used to detect and quantify linear transcript
and gene expression, which are computed for each sample both as raw counts and normalized values
(fragments per kilobase per million mapped reads; FPKM). Reads that fail to be aligned to the
reference genome are used as candidates for the detection of back-splice junctions and are given as
input to each circRNA detection method. Multiple methods for circRNA detection and quantification
can be selected: at the time of this writing, CirComPara uses, as a default setting, four different
circRNA detection tools that ground on different strategies (CIRCexplorer, CIRI, find_circ, and
testrealign) and unfiltered outputs of each detection tool are saved separately to be available for
custom analyses. CircRNAs are distinguished and named in terms of the back-splice genomic
positions that identify them. By this approach, predictions from the different methods and samples
can be compared and enhanced by defining the set of the “reliable circRNAs”, which, by default,
are the circRNAs expressed with at least two back-splice reads and jointly detected by at least
two methods.

CircRNAs’ back-splice genomic coordinates are compared against the linear transcripts’
annotation to relate the genes and genomic features that generated circular isoforms. The overlap
with gene annotation allows characterizing back-splices according to transcript structure: exonic,
intronic, and intergenic circRNAs are the main classes that can be distinguished. Finally, expression
levels of the reliable circRNAs (normalized according to reads per million mapped, RPM) are
correlated to the overlapping genes’ normalized expression estimates and reported in tabular format.
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Figure 1. (A) CirComPara workflow. Round corner boxes represent inputs; currently used tools are
represented by gray labels next to the relative pipeline level; dotted lines represent optional functions;
(B-D) CirComPara summary plots of circular RNAs (circRNAs) expressed; (B) absolute number of
circRNAs detected by each method and (C) commonly detected by two or more methods; (D) number
of circRNAs expressed per sample, considering the whole set of detected back-splices and the selected
subset of circRNAs detected by at least two methods.

2.2.1. CirComPara’s Output

CirComPara saves a rich set of results in separate directories. Results of the main analysis steps
and objectives are saved in tabular text files, which are useful for data interpretation and
post-processing, and offer the user the possibility to examine the complete output. On top, an HTML
document reports a detailed summary, with the most relevant results presented in aggregated forms
and displayed as tables and figures.

The HTML output file (Supplementary File 1) comprises four different sections. The first and the
last sections give technical details, whilst the two central sections, with several subsections each,
provide the core information. The first section summarizes the analysis run by listing number and
IDs of RNA-seq samples, and the back-splice detection methods used for the combined analysis. The
second section is dedicated to statistics and plots reporting the circRNAs detected by at least one
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program, and circRNAs found only by one method or commonly detected by two or more methods.
Next, only bona fide more robust circRNAs detected by at least two methods (reliable circRNAs) are
considered for further elaborations, including: circRNA category annotation according to back-splice
end positions in relation to known exons or introns of overlapping genes; number of circRNAs
expressed by genes; and expression analyses, also in comparison with gene expression profiles.
The last section reports names and versions of the software and packages used in the CirComPara
analysis run.

2.2.2. Additional Options and Features

CirComPara is a flexible tool that allows output stringency modulation through different setting
of parameters. CirComPara by default applies all four circRNA-discovery methods implemented, but
different combinations of methods can be specified. In fact, the user can select which circRNA tools
to run (at the time of this writing, from one to up to four). For instance, the user may choose only a
pair of methods, such as CIRI and find_circ, or find_circ and testrealign; only three methods, such as
CIRCexplorer, CIRI, and find_circ; or even only a single method. In addition, the minimum number
of back-splice reads and methods jointly predicting a circRNA, which define the reliable circRNA set,
can be changed by the user to tune CirComPara’s output. For instance, by setting at least one read
and at least one method, CirComPara maximizes its sensitivity, possibly reducing false negative
predictions. Conversely, requiring all methods to jointly detect the circRNAs (the most restrictive
setting) will possibly reduce the number of false positive predictions.

Moreover, CirComPara can run with alternative workflows. Specifically, raw read
preprocessing can be bypassed; already computed genome indexes can be given as input, thus
skipping the automatic genome indexes building; and novel genes and transcript isoforms can be
inferred from the data when the transcriptome reconstruction option is enabled.

CirComPara optimizes the computational performance by allowing parallel computation at two
levels: the former regards a multithreaded run of the tools allowing parallel computing. The latter
regards simultaneous execution of CirComPara’s steps that are mutually independent, which
maximizes the use of available computational devices when running the program.

2.3. CirComPara Predicts Thousands of circRNAs Expressed in Monocytes and Macrophages of a QKI
Haploinsufficient Patient and Her Sibling

In the following, we present the pipeline output obtained from a run in default mode on a
published dataset, as a demonstrative analysis. We analyzed the RNA-seq data produced by de Bruin
et al. [25], which focused on the role of Quaking in linear pre-mRNA splicing in the context of
monocytes to macrophage differentiation. As the original study did not interrogate circRNAs, our
results illustrate CirComPara discovery power and value.

The dataset comprised four samples of primary monocytes from peripheral blood and
experimentally induced differentiated macrophages from a QKI haploinsufficient patient (with 50%
QKI mRNA and protein expression due to an unbalanced reciprocal translocation hitting the QKI
gene) and her sibling (as control QKI wild-type).

Considering the four samples together, as many as 39,538 non-redundant back-splices were
detected by at least one method, with quite different numbers of events detected by different methods
from the same sequencing data (Figure 1B): testrealign detected 34,049 back-splice events (86% of the
total detected), CIRCexplorer detected 2924 events (7%), whereas CIRI and find_circ detected similar
intermediate numbers of back-splices, respectively 6228 (16%) and 6920 (18%). In the QKI dataset,
5759 (14.6%) back-splices were detected by a least two methods (Figure 1C) and 85% (33,779) by one
method only. Hansen et al. [24] showed that, in RNase R treated libraries, the circRNAs detected by
at least two methods are enriched with respect to circRNAs detected by only one method. Although
circRNAs detected by only one method could represent true positives, in this sample analysis, we
considered circRNAs detected independently by two or more methods, according to CirComPara’s
default settings, to reduce false positive calls. Thus, we obtained a set of fairly reliable 5759 circRNAs,
which are expressed in monocytes and macrophages (Figure 1D), with apparent quantitative and
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qualitative differences between QKI haploinsufficient and control samples and between monocytes
and macrophages.

CircRNA normalized expression (Figure 2A) values ranged over five degrees of magnitude,
reaching over 15,800 RPM in the control macrophages samples for the most abundant circRNA
(chr11:33286413-3328751) expressed from HIPK3 (homeodomain interacting protein kinase 3).
CircRNA median expression levels show small differences across the samples, which is also observed
in median gene expression, even if with a different pattern (Figure 2A,B). Regarding the cumulative
expression, 752 circRNAs on average accounted 75% of sample circRNA expression, whilst only 239
genes on average accounted 75% of sample gene expression (Figure 2C,D).
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Figure 2. CirComPara summary plots of circRNA and gene expression and integration thereof.
(A,B) twin boxplots of circRNA and gene expression levels per sample; (C,D) cumulative expression
plots of circRNA and gene per sample; (E) frequency distribution of number of circRNAs per gene;
(F) density distribution of pairwise circRNA/gene Spearman correlation values.

To evaluate CirComPara’s predictions, we compared predictions from our sample analysis to
the 111,665 circRNAs reported by Hansen et al. [24], in which the circRNA expression estimate from
fibroblast samples with and without RNase R treatment provided indication on circRNA prediction
accuracy. CircRNAs were grouped into: enriched by the treatment (E), probably representing true
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circular forms; unvaried expression (U); and depleted after treatment (D), probably representing false
predictions. The comparison showed that 80% (4619 out of 5759) of the circRNAs selected by
CirComPara were also identified by Hansen et al. [24], with 91.6% (4233) of these being enriched,
4.3% (200) being unvaried, and 4.0% (186) being depleted. Table 1 reports the 30 most expressed
circRNAs according to de Bruin et al. [25] data. All of these were also detected by Hansen et al. [24],
and classified as enriched (26), or unvaried (only four). Furthermore, 14 circRNAs of Table 1 were
reported in circBase [26] as experimentally validated in previous studies, including the circRNA from
HIPK3 that was recently functionally characterized as a multiple miRNA sponge [27]. In addition,
three of the most expressed circRNAs of Table 1 were reported and characterized in other
independent studies [28-30].

The 5759 reliably expressed circRNAs resulted associated to 3123 annotated genes, with two
circRNAs per gene in average and 42% of circRNAs overlapping genes associated with 2 to up to 22
different circRNAs each (Figure 2E). Indeed, the PICALM gene (coding also the Phosphatidylinositol
Binding Clathrin Assembly Protein) expresses 22 different circular isoforms, five of them being more
abundant and expressed in all four samples. The large majority (5620, 97.6%) of reliable circRNAs
resulted exonic and only few were “intergenic” or intronic (with back-splice ends falling outside
annotated genes or annotated exons, respectively).

Expression correlation of circRNAs with genes presented a slight tendency toward positive
values (Figure 2F): the average and the median values of the 2149 computable pairwise Spearman
correlations were 0.07 and 0.40, respectively, and 835 (39%) and 676 (32%) circRNA/gene pairs had a
positive correlation over 0.5 or a negative correlation lower than —0.5, whereas 638 (30%) had an
(absolute) weaker correlation.

In addition, we evaluated the number of circRNAs expressed in monocytes and macrophages
from the QKI +/- and the control QKI +/+ sibling (Figure 3A). The number of circRNAs expressed is
lower (0.63x) in QKI +/- monocytes compared to the control, whereas, in macrophages, the number
of circRNAs increases at a lower extent (1.15x) in the same comparison. In accordance with the
original study of linear transcripts, and considering that no replicates were available, we calculated
the log2FC of circRNA expression, considering for each cell type QKI+/- versus control values. The
expression variation, represented in Figure 3B as waterfall plots of log2FC for all expressed circRNAs,
is toward downregulation in QKI haploinsufficient monocytes and slightly toward downregulation
in macrophages. The number of circRNAs showing a Log2FC over 1.5 or lower than -1.5 (Figure 3C)
is also informative and is in accordance with the above observations. Indeed, considering only those
circRNAs with absolute log2FC > 1.5, we identified 865 and 1904 circRNAs up and downregulated
when comparing QKI haploinsufficient monocytes. The same comparison regarding macrophages
detected 1631 and 1290 up and downregulated circRNAs.

Finally, as an example of analysis that can be performed from CirComPara’s output data, we
report in Figure 3D the coordinates and expression values of three circular isoforms expressed from
the QKI gene showing different abundance in normal monocytes and macrophages that appeared to
be affected by the QKI haploinsufficiency. All three of these circRNAs resulted as being enriched by
RNase R according to the data of Hansen et al. [24] and two of them (6:163455279-163535125;
6:163478780-163535125) were previously detected by Rybak-Wolf et al. [6].



Non-Coding RNA 2017, 3, 8 8 of 16

2500 2304

z 2 1500

< 2000 — — <

Z 3

§ 1500 1~ u B 5 1000

; 1000 — — °

£ 8 500

S 500 — — g

z z

0 0
QKI+-  QKI++ QKlI+-  QKlI++ Monocytes Macrophages
Monocytes Macrophages BLog,FC QKI+-/++ > 1.5 MLog,FC QKI+-/++ < -1.5
B Log,FC QKI+-/++ Log,FC QKIl+-/++ D
Monocytes Macrophages
10 -5 0 5 10-10 -5 0 5 10
Log,FC
QKI circRNAs QKl +-vs ++

chr6:163455279-163478896:+| 0 342

chr6:163455279-163535125:+| 0 171

chr6:163478780-163535125:+| 0 0

Figure 3. circRNAome expression varies in relation to Quaking (QKI) haploinsufficiency during
monocyte to macrophage induced differentiation. (A) number of circRNAs expressed per sample; (B)
waterfall plot of log2FC in the QKI +/- vs. QKI +/+ in the two cell types, for all the expressed circRNAs;
(C) number of circRNAs with absolute log2FC > 1.5 or < —1.5 when comparing QKI haploinsufficient
with control cells, separately considering monocytes and macrophages; (D) QKI circular isoforms
detected from RN A-seq (the table indicates for each circRNA the genomic coordinates of the back-splice
ends, the expression level per sample and the intensity of observed log2FC).

3. Discussion

Research advancements on the analysis of RNA-seq data is generating new protocols [31] and
improvements of software tools, including methods for circRNA detection [22]. CirComPara was
designed and implemented with independent modules interfacing each other in hierarchical scripts.
This gives CirComPara great flexibility for incorporating new features, such as additional methods;
for updating the used software; and for upgrading to improved performing tools implemented in the
pipeline steps.
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Table 1. The 30 most expressed circular RNAs (circRNAs) with annotations, estimated expression levels (reads per million mapped reads; RPM), enrichment group
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CirComPara implements practices that, in our opinion, are the current best for the analysis of
RNA-seq data and for circRNA discovery. The initial raw read pre-processing step for trimming and
filtering low quality reads is highly recommended, although optional, since it was demonstrated to
improve the alignment rate, decrease the timings of subsequent processing, and eventually improve
the quality of results [32].

The strategy of mapping RNA-seq reads to the linear genome before circRNA identification, also
used by other methods [14,33], provides the possibility to characterize gene or transcript expression,
reduces computational load for circRNA discovery, and importantly allows for filtering out false
positive back-splice findings.

The four circRNA detection methods considered ground on different search strategies used for
read alignment to the reference genome, including Burrows-Wheeler [34-36] and suffix arrays [16,37]
based methods. The combined use of different methods is expected to increase the sensitivity of the
overall procedure to the price of an increased number of false positive predictions. The huge number
of circRNAs reported by testrealign and the difference with the other methods (nearly five times more
circRNAs) is probably due to the fact that, differently from the other methods, testrealign does not
perform any alignment post-processing specific for circRNA identification. Such behavior has also
been reported recently by [22]. However, by combining the methods’ results and selecting the
circRNAs commonly identified by more tools, our method is expected to reduce the number of
loose predictions.

CirComPara includes a branch for de novo transcriptome reconstruction and quantification from
RNA-seq data in parallel to circRNA detection. Importantly, this feature extends CirComPara
application also to species without gene annotation or with scarcely annotated transcriptomes.

From a technical point of view, CirComPara relieves the user from the burden of many
preparatory steps that are required by the different tools in the pipeline, such as the read aligners’
genome index building and gene annotation formatting. Moreover, CirComPara provides plentiful
access to each method’s optional parameters. In addition to the above mentioned alternative analysis
workflows, advanced users can set and combine the parameters to optimize performance and adapt
the analysis to specific data. Nevertheless, the use of default parameters can bear good quality results,
as it was reported in the present demonstrative analysis.

The sample analysis showed the discovery power of the pipeline and the richness and usefulness
of obtained results. De Bruin et al. [25] provided evidence that QKI is induced during monocyte
differentiation and plays a key role as a dynamic regulator of pre-mRNA splicing and expression
profile changes that drive monocyte activation, adhesion and differentiation into macrophages. Our
sample analysis identified numerous circRNAs expressed in monocytes and macrophages, with more
than one circular isoform expressed by half of genes. Most of the selected set of 5759 circRNAs
detected by two or more methods resulted to be exonic. Moreover, comparison with independent
data revealed that almost 92% of these circRNAs are detected also in other tissues and enriched by
RNase R treatment.

The expression of circRNAs were scattered across five orders of magnitude, with a relatively
low number of elements expressed at high level. Although a direct comparison is difficult, it is worth
noting that circRNA expression values distribution were less skewed than that of genes: 13% of
circRNAs and 0.8% of genes account for three quarters of the total expression. Notably, almost all 30
most expressed circRNAs reported in Table 1 resulted either being enriched in RNase R treated
libraries, and/or experimentally validated by independent studies, such as the top ranking circRNA
we detected, which derives from the HIPK3 gene. A recent study [27] reported four circular isoforms
of HIPK3, and showed that the predominant circHIPK3 is abundantly expressed in many tissues
where it sponges nine different miRNAs, including the tumor suppressor miRNA miR-124. The same
study confirmed circularity and stability of circHIPK3 and showed that the silencing of circHIPK3,
but not HIPK3 mRNA, significantly inhibits human cell growth. The other two highly expressed
circRNAs in Table 1, expressed by SPECC1 (17:20204333-20205912) and CDYL (6:4891713-4892379),
were detected by Schneider et al. [28] that identified IMP3-associated circRNAs. Moreover, the
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circRNA ZNF609 (zinc finger protein 609) was recently shown to regulate AKT3 (AKT
serine/threonine kinase 3) expression by sponging miR-150-5p. This evidence supports the validity
of predictions selected by CirComPara.

This study provided a first glance on circRNA expression variations in monocyte to macrophage

differentiation and in relation to QKI haploinsufficiency. Extending the results of de Bruin et al. [25],
we showed indeed that also circRNA expression is affected by QKI, with a complex pattern during
monocyte to macrophage differentiation, as observed for linear isoforms. QKI haploinsufficiency in
monocytes seems to reduce the total number of circRNAs expressed respectively to the control and
produce a larger number of downregulated circRNAs than of upregulated circRNAs. This result is in
accordance with a previous study that showed that QKI promotes circularization [8] and also with
de Bruin et al. [25] results on linear RNAs. Indeed, QKI haploinsufficiency in QKI peripheral blood
monocytes was previously associated with significantly lowered expression of targets with QKI
response elements (QRE) compared to non-targets (no QRE).
We showed that in macrophages the number and the average expression of circRNAs are moderately
increased in relation to QKI haploinsufficiency. Also in this case, this is in accordance with the
previous observation that macrophages of the haploinsufficient patient showed higher expression of
mRNAs containing QREs relative to her sibling. Although preliminary, our results confirm that QKI
regulates not only linear splicing but also circular RNA expression during monocyte to macrophage
differentiation with a complex pattern. We could hypothesize that QKI regulates the expression of
specific circRNAs directly impacting on observed expression patterns. Moreover, QKI regulation of
circRNA expression could also be indirect, since QKI could modulate expression of linear RNA
isoforms that act or encode trans-acting factors involved in circularization. Both direct and indirect
interactions deserve further investigation.

4. Materials and Methods
4.1. CirComPara’s Implementation Details

4.1.1. Automation and Parallelism: Scons

The Scons building tool is the CirComPara’s engine devoted to the automatic execution of the
various scripts and tools implementing each step of the pipeline. Scons is a utility software conceived
mainly for the compilation of source code in software production, yet its functions can handle tasks
beyond standard compiling procedures.

Scons computes the tasks” execution dependencies, indeed allowing concurrent execution of
independent tasks. For instance, CirComPara can simultaneously run the different methods for
circRNA detection, but all of them must wait for the termination of the read alignment to the linear
genome. In addition, the linear gene/transcript expression quantification is independent from
detection of circRNAs, but gene expression to circRNAs’ expression correlation computation
depends on both of these steps.

4.1.2. CirComPara’s Software Tools

We used existing methods to implement the analysis steps and developed custom scripts in
Python, R and Bash when needed. At the time of this writing, only one method for read preprocessing
is supported, Trimmomatic [38], while read statistics are implemented through FASTQC. For the
linear genome mapping step, we chose HISAT2 [34] for its speed, accuracy of alignment, low
computational requirements, and compatibility with downstream analysis tools, such as Cufflinks
[39] and htseq-count [40], that carry out gene and transcript expression quantification. We restrict
linear genome alignments by setting HISAT2 parameters to ensure linear and concordant alignments
(-no-discordant --no-mixed options). Gene and transcript expression levels are computed with the
Culfflinks tool suite, which is also used for the transcriptome reconstruction optional feature.
CircRNA detection methods are: CIRCexplorer [14], which uses the STAR [37] aligner; CIRI [17],
which uses the BWA-MEM [36] aligner; find_circ [10], which uses the Bowtie2 [35] aligner; and
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testrealign, from the segemehl [16] aligner. CircRNA annotation was computed by overlapping back
splice genomic positions to gene annotation using BEDTools [41]. Analysis report was generated with
custom R scripts using the data.table, ggplot2, and knitr R packages. Software versions used for the
presented analysis are reported together with references in Table 2.

4.2. Quaking Haploinsufficiency Dataset and Analysis Parameters

The sample analysis has been conducted on an RNA-seq dataset (GEO accession GSE74978)
recently obtained by de Bruin et al. [25] in a study focused on the role of Quaking in the linear pre-
mRNA splicing specifically in the context of monocyte differentiation into macrophages. The dataset
comprises four samples (primary monocytes from peripheral blood and differentiated macrophages
of a QKI haploinsufficient patient and from the control wild-type sibling) for which RNA-seq data
(49 million reads per sample in average) have been obtained using Illumina HiSeq 2000 technology,
with paired-end design and importantly using a library construction protocol with ribosomal RNA
depletion without polyA enrichment, allowing circRNA detection. Samples’ tissue and genotype are
reported in Table 3.

Below are listed the CirComPara parameters set for the analysis presented in this work. These
parameters were defined in the vars.py file; other non-shown parameters were left with default
values: CPUS = “16”, ANNOTATION = “Homo_sapiens.GRCh38.86.gtf”, GENOME_FASTA = “Homo_
sapiens.GRCh38.dna.primary_assembly.fa”, PREPROCESSOR = “trimmomatic”, PREPROCESSOR _
PARAMS = “MAXINFO:40:0.5 LEADING:20 TRAILING:20 SLIDINGWINDOW:4:30 MINLEN:35
AVGQUAL:30”, CIRCRNA_METHODS = “ciri,circexplorer, findcirc testrealign”, TOGGLE_
TRANSCRIPTOME_RECONSTRUCTION = ‘False’, CUFFNORM_EXTRA_PARAMS = “—output-format
cuffdiff”, BWA_PARAMS = “-T 19”.

Adapter sequences used for read preprocessing were from the Trimmomatic file “TruSeq3-PE-
2.fa”. The analysis was performed on 64 cores AMD Opteron Processor 6380 with 512 GB of RAM
Linux server running 64 bit Ubuntu Precise (12.04.5 LTS).

Table 2. List of the main software tools included in CirComPara with description of their function,

and reference.

Software

Description Citation/Website Version
Tool
R custom scripts http://cran.r-project.org 3.2.5 (2016-04-14)
Python custom scripts http://www.python.org 2.7.3
Scons script execution manager http://www.scons.org 2.5.0
Trimmomatic read preprocessing [38] 0.36
FASTQC read statistics http://www.bioinf'ormatics.babrah 0115
am.ac.uk/projects/fastqc/
HISAT2 linear genome mapping [34] 2.04
CIRCexplorer circRNAs detection [14] 1.1.10
STAR reads alignment by CIRCexplorer [37] 2.5.2a
CIRI circRNAs detection [17] 2.0.2
BWA reads alignment by CIRI [36] 0.7.15-r1140
find_circ circRNAs detection [10] 1.2
Bowtie2 reads alignment by find_circ [35] 229
testrealign circRNAs detection [16] 0.1
Segemehl reads alignment by testrealign [16] 0.2.0-418
Cufflinks gene/transcript expression quantification (39] 291
and transcriptome reconstruction
BEDtools genome coordinates comparison [41] 2.26.0
Samtools handle alignment files; http://www htslib.org 1.3.1
extract unmapped reads
ggplot2 R library for analysis report http://ggplot2.org 2.2.0
data.table R library for analysis report ;:ZEdecsr/ilr;traﬁ;glic/’icfdrgimig/l 1.10.0
knitr R library for analysis report http://yihui.name/knitr 1.14.0
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Table 3. Sequence Read Archive (SRA) and Gene Expression Omnibus (GEO) accession numbers,
genotype, and cell type of the samples analyzed in the demonstrative analysis.

Sample ID GEO ID QKI Status Cell Type

SRR2923169  GSM1939602 QKI+/- (CD14+) monocytes from peripheral blood
SRR2923170  GSM1939603 QKI+/+ (CD14+) monocytes from peripheral blood
SRR2923171  GSM1939604 QKI+/- differentiated CD14+ cells (macrophages)
SRR2923172  GSM1939605 QKI+/+ differentiated CD14+ cells (macrophages)

5. Conclusions

RNA-seq data have high discovery potential. The recent possibility of detecting circular RNAs
using appropriate methods for back-splice identification extended the set of RN As that can be studied
with RNA-seq assays. CirComPara is a new tool that allows detecting, discovering, and quantifying
circRNAs from RNA-seq data using four different methods in parallel for back-splice identification,
reporting bona fide predictions from their result comparison. CirComPara also allows for annotating
circRNAs in terms of overlapping genes, in order to quantify linear RN As and gene expression, and
to ultimately compare and correlate circRNA with gene and transcript expression levels. Thus,
CirComPara is an original method providing substantial improvement for a computationally efficient
integrative and comparative study of circular and linear transcriptome from RNA-seq experiments.

Supplementary Materials: The following are available online at www.mdpi.com/link. File S1 is the result report
HTML page obtained from the sample analysis presented in this work.

Acknowledgments: We thank for financial support to SB Fondazione Cassa di Risparmio di Padova e Rovigo
Progetti di Eccellenza 2011/2012 by Ministero dell’Istruzione, dell’'Universita e della Ricerca PRIN 2010/11
(2010NYKNS7_002) and University of Padova; to GteK Fondazione Cariplo, Ministero dell'Istruzione,
dell'Universita e della Ricerca FIRB RBAP11TF7Z and University of Padova. A.B. is a recipient of a PhD
fellowship from the Fondazione Citta della Speranza.

Author Contributions: E.G., S.B. and G.t.K. designed the study; E.G. implemented the pipeline and developed
the code, A.B. contributed end-user feed-back; EG analyzed the test samples; E.G., S.B. and G.t.K. interpreted
the results; E.G. and S.B. drafted the manuscript, S.B. and G.t.K. revised the manuscript; and all authors revised
and approved the final version of the manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

References

Lasda, E.; Parker, R. Circular RNAs: Diversity of form and function. RNA 2014, 20, 1829-1842.
. Dean, M,; Fojo, T.; Bates, S. Tumour stem cells and drug resistance. Nat. Rev. Cancer 2005, 5, 275-284.

3.  Bachmayr-Heyda, A.; Reiner, A.T.; Auer, K,; Sukhbaatar, N.; Aust, S.; Bachleitner-Hofmann, T.; Mesteri, I.;
Grunt, T.W.; Zeillinger, R.; Pils, D. Correlation of circular RNA abundance with proliferation — Exemplified
with colorectal and ovarian cancer, idiopathic lung fibrosis, and normal human tissues. Sci. Rep. 2015,
5, 8057.

4. Salzman, J.; Chen, R.E.; Olsen, M.N.; Wang, P.L.; Brown, P.O. Cell-Type Specific Features of Circular RNA
Expression. PLoS Genet. 2013, 9, €1003777.

5. Bonizzato, A.; Gaffo, E.; te Kronnie, G.; Bortoluzzi, S. CircRNAs in hematopoiesis and hematological
malignancies. Blood Cancer ]. 2016, 6, e483.

6.  Rybak-Wolf, A,; Stottmeister, C.; Glazar, P.; Jens, M.; Pino, N.; Giusti, S.; Hanan, M.; Behm, M.; Bartok, O.;
Ashwal-Fluss, R.; et al. Circular RNAs in the Mammalian Brain Are Highly Abundant, Conserved, and
Dynamically Expressed. Mol. Cell 2015, 58, 870-885.

7. Kelly, S.; Greenman, C.; Cook, P.R.; Papantonis, A. Exon skipping is correlated with exon circularization.
J. Mol. Biol. 2015, 427, 2414-2417.

8.  Conn, S.J,; Pillman, K.A,; Toubia, J.; Conn, V.M.; Salmanidis, M.; Phillips, C.A.; Roslan, S.; Schreiber, A.W.;
Gregory, P.A.; Goodall, G.J. The RNA Binding Protein Quaking Regulates Formation of circRNAs. Cell
2015, 160, 1125-1134.



Non-Coding RNA 2017, 3, x FOR PEER REVIEW 14 of 16

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Hansen, T.B.; Jensen, T.L; Clausen, B.H.; Bramsen, ]J.B.; Finsen, B.; Damgaard, C.K.; Kjems, J. Natural RNA
circles function as efficient microRNA sponges. Nature 2013, 495, 384-388.

Memczak, S.; Jens, M.; Elefsinioti, A.; Torti, F.; Krueger, J.; Rybak, A.; Maier, L.; Mackowiak, S.D.;
Gregersen, L.H.; Munschauer, M.; et al. Circular RNAs are a large class of animal RNAs with regulatory
potency. Nature 2013, 495, 333-338.

Huang, G.; Zhu, H; Shi, Y.; Wu, W.; Cai, H.; Chen, X. cir-ITCH plays an inhibitory role in colorectal cancer
by regulating the Wnt/B-catenin pathway. PLoS ONE 2015, 10, e0131225.

Li F.; Zhang, L.; Li, W.; Deng, J.; Zheng, J.; An, M.; Lu, J.; Zhou, Y. Circular RNA ITCH has inhibitory effect
on ESCC by suppressing the Wnt/3-catenin pathway. Oncotarget 2015, 6, 6001-6013.

Du, WW.,; Yang, W.; Liu, E.; Yang, Z.; Dhaliwal, P.; Yang, B.B. Foxo3 circular RNA retards cell cycle
progression via forming ternary complexes with p21 and CDK2. Nucleic Acids Res. 2016, 44, 2846-2858.
Zhang, X.-O.; Wang, H.-B.; Zhang, Y.; Lu, X.; Chen, L.-L.; Yang, L. Complementary Sequence-Mediated
Exon Circularization. Cell 2014, 159, 134-147.

Westholm, ].O.; Miura, P.; Olson, S.; Shenker, S.; Joseph, B.; Sanfilippo, P.; Celniker, S.E.; Graveley, B.R.;
Lai, E.C. Genome-wide Analysis of Drosophila Circular RNAs Reveals Their Structural and Sequence
Properties and Age-Dependent Neural Accumulation. Cell Rep. 2014, 9, 1966-1980.

Hoffmann, S.; Otto, C.; Doose, G.; Tanzer, A.; Langenberger, D.; Christ, S.; Kunz, M.; Holdt, L.M.; Teupser,
D.; Hackermiiller, J.; et al. A multi-split mapping algorithm for circular RNA, splicing, trans-splicing and
fusion detection. Genome Biol. 2014, 15, R34.

Gao, Y.; Wang, J.; Zhao, F. CIRI: An efficient and unbiased algorithm for de novo circular RNA
identification. Genome Biol. 2015, 16, 4.

Szabo, L.; Morey, R.; Palpant, N.J.; Wang, P.L.; Afari, N.; Jiang, C.; Parast, M.M.; Murry, C.E; Laurent, L.C.;
Salzman, J. Statistically based splicing detection reveals neural enrichment and tissue-specific induction of
circular RNA during human fetal development. Genome Biol. 2015, 16, 126.

Song, X.; Zhang, N.; Han, P.; Moon, B.-S.; Lai, RK.; Wang, K.; Lu, W. Circular RNA profile in gliomas
revealed by identification tool UROBORUS. Nucleic Acids Res. 2016, 44, e87.

Chuang, T.-J; Wu, C.-S;; Chen, C.-Y,; Hung, L.-Y,; Chiang, T.-W.; Yang, M.-Y. NCLscan: Accurate
identification of non-co-linear transcripts (fusion, trans-splicing and circular RNA) with a good balance
between sensitivity and precision. Nucleic Acids Res. 2016, 44, e29.

Izuogu, O.G.; Alhasan, A.A.; Alafghani, H.M.; Santibanez-Koref, M.; Elliott, D.J.; Jackson, M.S. PTESFinder:
A computational method to identify post-transcriptional exon shuffling (PTES) events. BMC Bioinform.
2016, 17, 31.

You, X,; Conrad, T.O. Acfs: Accurate circRNA identification and quantification from RNA-Seq data. Sci.
Rep. 2016, 6, 38820.

Wang, K.; Singh, D.; Zeng, Z.; Coleman, S.J.; Huang, Y.; Savich, G.L.; He, X.; Mieczkowski, P.; Grimm, S.A.;
Perou, C.M.; et al. MapSplice: Accurate mapping of RNA-seq reads for splice junction discovery. Nucleic
Acids Res. 2010, 38, e178.

Hansen, T.B.; Veng, M.T.; Damgaard, C.K; Kjems, J. Comparison of circular RNA prediction tools. Nucleic
Acids Res. 2015, 44, e58.

De Bruin, R.G,; Shiue, L.; Prins, ].; de Boer, H.C.; Singh, A.; Fagg, W.S.; van Gils, ].M.; Duijs, ]. M.; Katzman,
S.; Kraaijeveld, A.O.; et al. Quaking promotes monocyte differentiation into pro-atherogenic macrophages
by controlling pre-mRNA splicing and gene expression. Nat. Commun. 2016, 7, 10846.

Glazar, P.; Papavasileiou, P.; Rajewsky, N. circBase: A database for circular RNAs. RNA 2014, 20, 1666—
1670.

Zheng, Q.; Bao, C.; Guo, W,; Li, S.; Chen, J.; Chen, B.; Luo, Y.; Lyu, D.; Li, Y.; Shi, G,; et al. Circular RNA
profiling reveals an abundant circHIPK3 that regulates cell growth by sponging multiple miRNAs. Nat.
Commun. 2016, 7, 11215.

Peng, L.; Chen, G.; Zhu, Z.; Shen, Z,; Du, C,; Zang, R.; Su, Y.; Xie, H.; Li, H.; Xu, X,; et al. Circular RNA
ZNF609 functions as a competitive endogenous RNA to regulate AKT3 expression by sponging miR-150-
5p in Hirschsprung’s disease. Oncotarget 2016, 8, 808-818.

Schneider, T.; Hung, L.-H.; Schreiner, S.; Starke, S.; Eckhof, H.; Rossbach, O.; Reich, S.; Medenbach, J.;
Bindereif, A. CircRNA-protein complexes: IMP3 protein component defines subfamily of circRNPs. Sci.
Rep. 2016, 6, 31313.



Non-Coding RNA 2017, 3, x FOR PEER REVIEW 15 of 16

30.

31.

32.

33.

34.

35.
36.

37.

38.

39.

40.

41.

Starke, S.; Jost, I.; Rossbach, O.; Schneider, T.; Schreiner, S.; Hung, L.-H.; Bindereif, A. Exon circularization
requires canonical splice signals. Cell Rep. 2015, 10, 103-111.

Pertea, M.; Kim, D.; Pertea, G. M.; Leek, J. T.; Salzberg, S. L. Transcript-level expression analysis of RNA-
seq experiments with HISAT, StringTie and Ballgown. Nat. Protocols 2016, 11, 1650-1667.

Del Fabbro, C.; Scalabrin, S.; Morgante, M.; Giorgi, F.M. An Extensive Evaluation of Read Trimming Effects
on Illumina NGS Data Analysis. PLoS ONE 2013, 8, e85024.

Guarnerio, J.; Bezzi, M.; Jeong, J.C.; Paffenholz, S.V.; Berry, K.; Naldini, M.M.; Lo-Coco, F.; Tay, Y.; Beck,
A.H.; Pandolfi, P.P. Oncogenic Role of Fusion-circRNAs Derived from Cancer-Associated Chromosomal
Translocations. Cell 2016, 165, 289-302.

Kim, D.; Langmead, B.; Salzberg, S.L. HISAT: A fast spliced aligner with low memory requirements. Nat.
Methods 2015, 12, 357-360.

Langmead, B.; Salzberg, S.L. Fast gapped-read alignment with Bowtie Nat. Methods 2012, 9, 357-359.

Li, H. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. arXiv 2013,
arXiv:1303.3997.

Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, ].; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras,
T.R. STAR: Ultrafast universal RNA-seq aligner. Bioinformatics 2013, 29, 15-21.

Bolger, AM.; Lohse, M.; Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data.
Bioinformatics 2014, 30, 2114-2120.

Trapnell, C.; Roberts, A.; Goff, L.; Pertea, G.; Kim, D.; Kelley, D.R.; Pimentel, H.; Salzberg, S.L.; Rinn, J.L.;
Pachter, L. Differential gene and transcript expression analysis of RN A-seq experiments with TopHat and
Cufflinks. Nat. Protoc. 2012, 7, 562-578.

Anders, S.; Pyl, P.T.; Huber, W. HTSeq— A Python framework to work with high-throughput sequencing
data. Bioinformatics 2015, 31, 166-169.

Quinlan, A.R;; Hall, ILM. BEDTools: A flexible suite of utilities for comparing genomic features.
Bioinformatics 2010, 26, 841-842.

© 2017 by the authors. Submitted for possible open access publication under the
@ @ terms and conditions of the Creative Commons Attribution (CC BY) license

(http://creativecommons.org/licenses/by/4.0/).



